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ABSTRACT

Relevance: stems from the increasing need for machine learning models in real estate that are not only accurate but also
interpretable, since practical applications require a clear understanding of the factors influencing predictions, particularly in decision-
making related to urban development and property valuation. Aim: the aim of the article is to develop and evaluate an approach that
simultaneously improves predictive performance and enhances the interpretability of machine learning models when working with
heterogeneous data sources. Objectives: the objectives include analysing multiple feature groups, namely textual property
descriptions, spatial indicators such as distances to key infrastructure objects, and visual characteristics derived from satellite-based
night-time illumination data, as well as assessing their combined impact on model performance. Methods: the study is based on
gradient boosting over decision trees using the Light Gradient Boosting Machine algorithm, the construction of spatial features
through distance-based metrics, text processing techniques, and interpretation tools based on Shapley values and partial dependence
analysis to reveal feature influence. Scientific novelty: the novelty lies in integrating heterogeneous features of different origin
within a unified modelling framework and combining complementary interpretation techniques to identify nonlinear relationships
and interaction effects. Practical significance: the proposed approach can be applied in automated valuation systems, urban
analytics, and decision-support tools, providing a more transparent understanding of price formation mechanisms. Results: the
results show that the proposed modelling approach based on the Light Gradient Boosting Machine provides high predictive
performance. Starting from the baseline feature set, the model achieves an RMSE of 374 and an R2 of 0.818. The integration of
heterogeneous feature groups further improves the model performance, reducing the RMSE to 348 and increasing the R2 to 0.839. It
is also evident that textual and visual features play a noticeable role, as they help capture nonlinear patterns and threshold-like effects
that are difficult to detect otherwise. Conclusions: overall, the proposed approach not only increases predictive accuracy but also
makes the model behavior easier to interpret, leading to a more transparent and reliable analysis of real estate prices and supporting
its use in practical applications.
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INTRODUCTION successfully applied to complex analytical problems
such as anomaly and intrusion detection in computer
networks, where models must identify hidden
patterns in high-dimensional data spaces [3]. Despite
the high accuracy of modern algorithms such as
XGBoost, LightGBM, and neural networks, their
internal logic often remains opaque, which reduces
trust in the results and complicates their practical
application [4]. This is especially critical when the
model includes features of diverse nature — from

The interpretability of machine learning models
is becoming one of the key requirements in the tasks
of mass real estate appraisal [1], [2]. For businesses,
investors, developers, and governmental bodies, it is
important not only to obtain an accurate price
prediction but also to understand which factors drive
it. Machine learning approaches have also been
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Sokolovskij E., 2026 objective property characteristics to subjective

descriptions and indirect indicators. Examples of

This is an open access article under the CC BY license (https://creativecommaons.org/licenses/by/4.0/deed.uk)

ISSN 2663-0176 (Print) Theoretical aspects of computer science, 321
ISSN 2663-7731 (Online) programming and data analysis


mailto:edgar.sokolovskij@vilniustech.lt

Kravtsov D. E., Poletaev N. A., Gorzelanczyk Piotr, Sokolowskij Edgar  /

Herald of Advanced Information Technology
2026; Vol.9 No.3: 321-335

such features include the number of public transport
stops, the density of fast-food restaurants within a
given radius, the presence of the words “gym” or
“swimming pool” in the property description, and
the distance to centres of nocturnal illumination
identified from satellite imagery [5], [6], [7]
Without transparent interpretation of the influence of
these factors, it is difficult to adapt the model to
market changes, identify sources of error, and
employ it in sensitive domains such as mortgage
lending, pricing, or urban planning. Machine
learning approaches are also widely applied in
decision-support  systems for economic and
investment analysis, including risk assessment
models that assist investors in evaluating complex
project parameters and forecasting potential
outcomes [8]. Machine learning and soft-computing
techniques are also used to analyse complex
software metrics and predict system properties such
as software reusability, demonstrating the ability of
data-driven models to capture relationships between
multiple heterogeneous parameters [9]. Machine
learning techniques are widely applied for analysing
complex technical, socio-economic, and biomedical
systems and forecasting dynamic processes. In
particular, they are used for cyber-attack detection
and network security tasks, including DDoS analysis
and mitigation [10], [11], as well as for real-time
prediction of operational parameters of industrial
equipment and modelling of its behaviour based on
sensor data [12]. They are also applied to the
prognosis of ageing phenomena in critical
infrastructure systems [13] and to support data-
driven decision-making in digital markets through
intelligent information systems [14]. In the bio-
medical domain, machine learning enables early
prediction and analysis of chronic diseases based on
medical datasets [15].

Recent studies demonstrate the growing role of
machine  learning in  analysing  complex
heterogeneous data across different domains. In
particular, semantic  analysis of scientific
publications  enables automated knowledge
extraction and identification of thematic structures in
large document collections [16]. Advanced data-
processing frameworks are also used for analysing
complex trajectory datasets and detecting hidden
dynamic patterns in navigation data [17]. At the
same time, natural language processing methods and
context-aware text embeddings are widely applied
for modelling semantic relationships in textual data
and improving information retrieval tasks [18], [19].
In addition, systematic approaches to data
preprocessing and feature selection have been

proposed to improve machine learning model
performance and reduce computational costs [20].

In the context of real estate valuation, machine
learning methods are increasingly applied to predict
property prices and to analyse the contribution of
various factors influencing rental value. The
integration of heterogeneous data sources, including
textual descriptions, spatial characteristics, and
environmental indicators, makes it possible to
capture complex relationships that cannot be
identified using traditional approaches. At the same
time, the use of interpretable machine learning
techniques enables not only accurate prediction but
also a detailed understanding of the underlying
drivers of price formation.

The inclusion of a broad range of studies
covering various aspects of data analysis, text
processing, and machine learning  model
development is motivated by the need to
demonstrate the interdisciplinary nature of the
problem under consideration and to justify the
relevance of the integrated approach adopted in this
study.

The aim of this work is to develop and test an
integrated approach to improving both the accuracy
and interpretation of the impact of heterogeneous
features — numerical, textual, geospatial, and visual
— on predicted rental property values.

To achieve this aim, the following tasks were
addressed:

1) the construction and enrichment of the initial
rental property dataset for the city of Houston with
additional features (textual, geospatial, and visual) to
improve the performance of the machine learning
model;

2) training and hyperparameter optimisation of
the LightGBM ML model using recursive feature
elimination to obtain the optimal feature set;

3) interpretation of the contribution of
heterogeneous features to the machine learning
model results, with emphasis on the use of SHAP
and PDP;

4) evaluation of the universality of the obtained
patterns and their transferability to other markets.

RELATED WORKS

In recent years, methods of interpreting
machine learning models have become an important
research direction within Explainable Al. General
reviews  systematise  post-hoc interpretation
approaches and highlight their applicability for
analysing black-box models [4]. In the context of
real estate valuation, interpretable machine learning
is increasingly used to explain price determinants
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and improve trust in automated valuation models
[1], [21], [22].

Among the most widely used interpretation
techniques are SHAP, PDP, ALE, and LIME. SHAP
is commonly applied to estimate the contribution of
individual features and to analyse their global
importance [23]. Partial Dependence Plots are used
to investigate the effect of feature variation on
model predictions and to identify nonlinear
relationships [24]. Additional approaches combine
Shapley values with partial dependence functions to
improve the robustness of interpretation results.

Recent studies show that machine learning
models can improve valuation accuracy while
providing insights into price formation mechanisms.
Ensemble-based and explainable approaches have
been successfully applied to property valuation in
urban markets [25]. At the same time, studies of
residential rental ~markets demonstrate how
interpretable models can reveal internal pricing
structures and feature interactions [26]. However,
most existing works focus on a limited set of
interpretation tools or rely on a single dominant data
type, which restricts the analysis of relationships
between heterogeneous features.

Another important limitation concerns the
transferability of identified dependencies. The
influence of real estate factors may vary
significantly depending on the city and socio-
economic conditions. For example, proximity to
transport infrastructure may increase property value
in one region but reduce it in another due to noise or
congestion effects [7], [26]. This raises the question
of how stable such dependencies are across different
markets [27], [28].

Thus, the current literature confirms the
importance of interpretable machine learning for real
estate valuation but also highlights the need for
approaches that integrate heterogeneous data sources
and complementary interpretation techniques. The
present study addresses this gap by combining
numerical, textual, geospatial, and visual features
within a unified modelling framework and by jointly
applying SHAP and PDP to analyse nonlinear
effects and feature interactions.

MACHINE LEARNING TOOLS FOR
DATA INTERPRETATION

Initial data

As part of the study, a detailed analysis and
preprocessing of the initial dataset were carried out,
comprising 9,260 real estate properties and 10
features, one of which is the target variable “Price”
(Table 1). The data relate to properties located in the

city of Houston (USA) and were obtained from
publicly available listings on the Redfin platform
[29], which is widely used in real estate analytics.
The dataset was formed by selecting residential
rental listings with complete information on key
attributes, including price, location, and property
characteristics. To ensure data reliability, a series of
preprocessing steps was performed, including the
removal of duplicate entries, handling of missing
values, and elimination of outliers and anomalous
observations.

The dataset was collected during July 2023 and
reflects the spatial, economic, and temporal
characteristics of the residential rental market in
Houston, Texas, USA. Therefore, the quantitative
relationships identified in this study may vary when
transferred to other cities, countries, or time periods,
which should be taken into account when
generalising the proposed approach.

Prior to analysis, each feature was checked for
completeness and consistency, which allowed for
maintaining  the  quality, reliability, and
interpretability of the data used in the study.

Table 1. Description of Basic Features

Feature Description
Latitude Geographic latitude
Longitude Geographic longitude
YearBuilt Construction year

Beds Number of bedrooms
Baths Number of bathrooms
BuildingSize Building area (sq ft)
LotSize Land area (sq ft)
PostalCode Postal code
Description Property text description
Price Rental price (USD)

Source: compiled by the authors

Methods of Feature Engineering
Features Derived from the Textual Description of
Real Estate Objects

Below is an example of a real estate property
description presented in textual format. In addition
to basic characteristics, it may contain details of
layout, finishing, and the infrastructure of the
complex, such as:

“These apartments feature an open concept
living/dining room and a kitchen with granite
countertops, subway tile backsplash, and stainless-
steel appliances with a dishwasher. Features include
central A/C, central heat, and ceiling fans. The
bedroom(s) have carpet flooring, and the rest of the
home has hardwood floors. Select units offer nine-
foot ceilings, built-in desks, shelving, and a private
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balcony. The community provides elevators,
wheelchair access, a saltwater rooftop pool with
sundeck, rooftop tennis court, and more. ”

To transform textual descriptions into
informative features suitable for the model, the
following step-by-step process was implemented:

« tokenisation: the text was split into
individual words (tokens) to enable analysis at the
lexeme level;

* removal of stop words: frequently used but
low-value words (e.g., conjunctions, prepositions)
were excluded to reduce noise;

* lemmatization: words were converted to
their base form, allowing different morphological
variants of the same term to be unified;

» vectorisation using the TF-IDF method [30]:
texts were converted into numerical format, where
each word was assigned, a weight depending on its
significance for a specific property and its rarity in
the rest of the dataset;

» feature construction: TF-IDF weights of key
words (e.g., pool, laundry, garage) were added to the

dataset as additional features, reflecting the
marketing and subjective characteristics of
properties.

This approach enabled the model to incorporate
textual descriptions as a full-fledged source of
information influencing the final valuation of real
estate [31]. In particular, based on text analysis,
indicator features were created for the presence of
amenities and characteristics such as stainless-steel
appliances, elevator, laundry, concierge, and pool.
Additionally, an aggregated feature sentiment_score
was generated and included in the model, reflecting
the emotional tone of the property descriptions.

Features Derived from the Proximity to
Restaurants

To assess the impact of commercial
infrastructure on rental prices, the coordinates of 344
Starbucks restaurants within Houston (Fig. 1) were
used [32]. For the construction of new features, the
authors matched the coordinates of real estate
properties with Starbucks locations, applying the
KD-tree algorithm for efficient nearest neighbour
search and distance calculation in multidimensional
space. This approach ensures high speed and
accuracy when processing a large number of
property—restaurant pairs.

Based on these calculations, the following
features were generated:

*the number of Starbucks restaurants within
radii of 1, 2, 3, 4, 6, 8, and 10 km from each
property — these indicators reflect the density of
outlets in the vicinity;

+ the distance to the nearest Starbucks
restaurant — as an indicator of minimum distance to a
point of attraction, i.e., walkable accessibility;

« the average distance to the 2, 3, 4, 5, 6, 7, and
8 nearest restaurants — to evaluate the accessibility
of outlets in the surrounding area.

Fig. 1. Map of Starbucks locations in Houston
Source: prepared by the authors [32]

Thus, the model integrated features that capture
both the density and spatial distribution of Starbucks
around each property, enabling the inclusion of
infrastructural  attractiveness and  commercial
environment in predicting rental prices.

Features Derived from Public Transport Stops

To construct features related to transport
accessibility, geographic data on bus stops were
obtained from the  open-source  platform
OpenStreetMap.

Based on this data, the following characteristics
were added to the dataset:

* the number of stops within radii of 100 m, 300
m, 500 m, 1 km, 2 km, 4 km, 6 km, 8 km, and 10 km
from each property;

« the distance to the nearest bus stop;

« the average distance to the 2, 4, 6, and 8
nearest stops.

The selected distances reflect different levels of
transport accessibility: 100-300 m correspond to
walking distance to a stop for most residents, while
larger radii (from 500 m to 10 km) make it possible
to account for the overall provision of public
transport in a given area. The use of these intervals
enables the coverage of multiple scales of analysis
and helps avoid feature redundancy caused by
excessively small step sizes.

The calculation of distances between properties
and stops was performed using their coordinates and
efficient spatial structures such as the KD-tree
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algorithm, which allowed for rapid nearest-
neighbour searches in large datasets. This
accelerated processing and ensured scalability when
expanding the dataset. The resulting features
describe the transport infrastructure and allow for an
analysis of its influence on rental property prices.

Features Derived from Urban Night-Time
Hlumination

To extract features reflecting the level of night-
time activity and infrastructural saturation of
neighbourhoods, satellite images of the city of
Houston at night were used, provided by NASA
Earth Observatory [33]. High-resolution images
were pre-aligned with geographic coordinates using
QGIS tools.

The following processing steps were then
carried out sequentially [34]:

» the image was converted to greyscale, after
which contrast and brightness were adjusted to
highlight brightly illuminated areas;

+ binarization and contour detection of bright
regions were applied, with their centres determined
as the pixel coordinates of the brightest points;

» these pixel coordinates were transformed into
geographic coordinates, taking into account the
boundaries of the image and map dimensions;

+ the resulting points were further clustered
using the DBSCAN algorithm, in order to merge
nearby light centres into groups and determine their
centroids as global light clusters.

Based on the geographic coordinates of the
final light centres, new features were generated:

» the number of clusters within radii of 0.1, 0.3,
05,1,2,4,6,8,and 10 km from each property;

» the distance to the nearest light centre;

« the average distance to the 2, 4, 6, and 8
nearest light clusters.

These features reflect the degree of urban
activity, potentially associated with the commercial
or social intensity of the neighbourhood.

Feature Selection and Model Training
Methodology

The LightGBM gradient boosting algorithm
was employed as the primary predictive model. This
model is built on an ensemble of decision trees
trained sequentially, with each new element
correcting the errors of the previous ones. Unlike
traditional boosting, LightGBM applies a leaf-wise
tree growth strategy, which improves accuracy on
complex datasets. The model supports missing value
handling, is efficient with a large number of
features, and is robust to multicollinearity — a critical

property when working with heterogeneous data
from diverse sources.

The authors applied recursive feature
elimination with cross-validation (RFECV) to
enhance the generalization performance of the
model and remove redundant features at the
beginning phase. The method of elimination
removes the least significant features in a repetitive
manner, and it re-trains the model at every step, with
cross-validation  measures to evaluate the
performance of the model. This would allow the
researcher to make a good choice of features that
would generate a compromise between the
complexity of the model and precision.

For automatic hyperparameter tuning, the
Optuna framework, a modern tool based on
Bayesian optimization, was used. Unlike GridSearch
or RandomSearch, Optuna enables intelligent
exploration of the parameter space and uses
strategies to stop ineffective attempts early, thereby
saving resources and increasing the likelihood of
finding the best configuration.

The main hyperparameters of the LightGBM
model included the number of estimators, learning
rate, maximum tree depth, and feature fraction. The
optimisation process was performed using Optuna
with early stopping based on validation loss,
allowing efficient exploration of the parameter
space.

The main stages of model
included:

esequential integration of the base dataset
with additional groups of heterogeneous features
derived from illumination, textual descriptions, and
data on restaurants and public transport stops, in
order to gradually assess the contribution of each
group and preserve interpretability of the results.
+use of LightGBM as the main gradient
boosting model, capable of efficiently handling
heterogeneous and incomplete tabular data;

« selection of optimal features using RFECV
based on decision trees — to eliminate uninformative
or interdependent variables and improve model
robustness;

* hyperparameter optimisation with Optuna,
which allowed for an improvement in model
accuracy without a substantial increase in
computational costs.

To justify the selection of the LightGBM
model, a comparative analysis with alternative
approaches was conducted using the baseline feature
set. All models were evaluated using default
hyperparameters without additional tuning to ensure
a fair and unbiased comparison of their inherent

development
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predictive capabilities. It should be noted that this
comparison was performed outside the full
modelling pipeline and does not include feature
selection or hyperparameter optimisation. Therefore,
the obtained results reflect the relative performance
of the algorithms under simplified conditions and are
not directly comparable to the results reported in
subsequent sections, where a complete pipeline with
cross-validation and optimisation procedures is
applied.

The results in Table 2 demonstrate that
LightGBM provides the best predictive performance
in terms of both RMSE and R?2, which justifies its

selection as the primary model for further
experiments.
Table 2. Model comparison results
Model RMSE R2
Linear 607.10 0.559
Regression
Random 346.67 0.856
Forest
LightGBM 331.11 0.869

Source: compiled by the authors

This methodology ensured both high prediction
quality — through effective feature selection
combined with model hyperparameter optimisation —
and transparency, thanks to the step-by-step
introduction of thematic feature blocks and separate
evaluation of their contribution.

Algorithm for Result Interpretation

After training the model, the next stage was the
interpretation of its decisions. For this purpose,
modern methods combining visualisation and
quantitative feature contribution assessment were
used. Two complementary tools were applied,
providing both local and global levels of analysis.

1. SHAP (SHapley Additive ExPlanations)
using TreeExplainer to determine how much of an
individual's prediction can be attributed to each
feature. Shapley values from game theory are used
to assign credit to players (features). It determines
the contribution of each feature to the final
prediction. By calculating the difference between the
predicted value and the baseline (expected) value,
you can see how much a feature contributed to
increasing or decreasing the prediction. For
example, if a property has a larger area than average,
SHAP will show that this factor shifted the final
price upwards. In addition to pointwise analysis
(local interpretations), SHAP values can be
aggregated to provide global insights into feature
importance.

2. Partial Dependence Plots (PDP) were applied
as a visualisation tool for the influence of features on
the target variable. Unlike SHAP, which captures the
feature contributions considering interactions and
the context of a specific object, PDP makes it
possible to average the influence of one feature
across all observations, smoothing the impact of
other variables. This allowed for a detailed
characterisation of feature influence, such as
threshold effects, saturation zones, or non-linear
relationships.

Thus, the combined application of SHAP and
PDP provided a comprehensive view of model
behaviour: first, identifying which features are
important and how they act in each individual case;
then, clarifying the shape and structure of their
influence at a global level. This strategy ensured
high model transparency and the possibility of
formulating well-grounded practical
recommendations.

The interpretation stage described above
represents the final component of the overall
modelling pipeline. The complete workflow includes
data collection, preprocessing, feature engineering,
feature selection using RFECV, model training and
hyperparameter optimisation with LightGBM and
Optuna, followed by model evaluation and
interpretation.

The full data processing and modelling pipeline
is presented in Fig. 2.

Results and Discussion

To evaluate the predictive performance of the
model, standard regression metrics were used,
including Mean Squared Error (MSE), Root Mean
Square Error (RMSE), and the coefficient of
determination (R?). MSE reflects the average squared
deviation between predicted and actual values, RMSE
represents the error in the same units as the target
variable, and R? indicates the proportion of variance
in the target variable explained by the model.

Unlike the initial model comparison presented
earlier, which was performed using default
hyperparameters, the following experiments were
conducted within the full modelling pipeline,
including  feature selection (RFECV) and
hyperparameter optimisation with Optuna under
cross-validation, providing a more realistic estimate
of model performance. The impact of different
feature groups was assessed through a step-by-step
integration of heterogeneous feature sets, with the
model trained sequentially by adding textual, visual,
and geospatial features to the baseline dataset.
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Fig. 2. Scheme of the model for assessing real

estate operations projects values
Source: compiled by the authors

The results in Table 3 indicate that the inclusion
of textual features leads to the most significant
improvement in prediction accuracy, reducing
RMSE from 374 to 348 and increasing R2? from
0.818 to 0.834. Additional feature groups, such as
lighting and commercial infrastructure, also improve
model performance, although to a lesser extent.
Transport accessibility features show a weaker
contribution, which may be related to local
characteristics of the studied area.

Table 3. Model performance depending on
the feature set

Feature set RMSE R2
Baseline 374 0.818
Text features 348 0.834
Lighting features 351 0.839
Commercial 354 0.837
infrastructure
Transport 365 0.826
accessibility

Source: compiled by the authors

Analysis of prediction errors showed that the
largest deviations occur for atypical properties with
rare combinations of features, such as unusually
small or large areas, or uncommon textual
descriptions. This indicates that the model performs
less reliably in cases that are underrepresented in the
training data.

This section presents the key results of the
analysis aimed at interpreting the factors influencing
rental property prices. The examination was carried
out sequentially for each group of features: first, the
textual descriptions of properties were studied
(Fig. 3), followed by spatial proximity to food
service establishments, then the density and
accessibility of public transport, and finally the
indicators of urban night-time illumination. This
order reflects the transition from subjective
characteristics to objective properties of the urban
environment.

High

buildingsize e T A T —————— ———-
Baths :’- -..ﬁ
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SHAP value (impact on model output)

Fig. 3. SHAP value impact

Source: compiled by the authors

In total, at the final stage of the study, the
influence of 65 new and 9 baseline features on the
target variable “Price” was assessed, and the authors
decided to focus on the most influential features
from each subgroup to avoid overloading the
analytical section.

Fig. 3 shows the SHAP value diagram for the
20 most significant features used in the LightGBM
model, including both baseline and text-derived
ones. The X-axis represents SHAP values, reflecting
the strength and direction of a feature’s impact on
the prediction (positive values increase the forecast,

ISSN 2663-0176 (Print)
ISSN 2663-7731 (Online)

Theoretical aspects of computer science, 327
programming and data analysis



Kravtsov D. E., Poletaev N. A., Gorzelanczyk Piotr, Sokolowskij Edgar  /

Herald of Advanced Information Technology
2026; Vol.9 No.3: 321-335

negative values decrease it). The features are
ordered by decreasing overall importance
(vertically). The colour scale from blue (low feature
value) to pink (high) makes it possible to analyse
how variations in feature values are associated with
changes in the model’s output variable.

With reference to the table above, the following
observations can be made:

» the building size, which is the most significant
feature in the table; the larger the building size, the
higher the rental price will be;

 the number of bedrooms and bathrooms is
also positively correlated with the rental price. The
more baths and beds, the higher the rental price;

« the latitude/longitude/postal code all exhibit a
significant impact; however, the direction of their
impact can be either positive or negative, depending
on their values. The reasons lie in the location
(latitude & longitude) as well as the postal code
(example: two neighbouring homes situated at
locations with slightly different latitudes, longitudes
and/or postal codes);

*Year Built: more recent construction generally
corresponds to a positive contribution, though the
effect is moderate;

 lotSize: has limited influence, with a
predominance of weakly negative effects as the
value increases;

« concierge, pool, elevator, laundry facility,
stainless, steel appliance: the presence of these terms
in property descriptions is associated with an
increase in the predicted value. These features are
typically linked to higher standards of comfort and
Service;

« laundry, room, apartment, home: the presence
of these terms may slightly reduce the final estimate
or have little effect. This may be due to their
frequent use in describing more standard or mass-
market properties;

e furnished: the feature’s influence varies
depending on its value, without a clear consistent
effect. Both positive and negative SHAP values are
visible on the chart;

« quartz: demonstrates a bidirectional influence,
suggesting differences in the perception of this
feature depending on context (e.g., when mentioned
in properties of different classes).

Thus, among the textual features, it is possible
to distinguish a group of terms consistently
associated with more expensive housing (e.g., pool,
concierge, elevator), as well as words with uncertain
or neutral contributions. The SHAP chart shows the
importance of the features and which direction they
are going in, which is very important when it comes

to understanding models used in real estate appraisal
tasks.

The graph in Fig. 4 demonstrates the actual link
between a building’s square footage and its
corresponding  (potential)  rental value (in
logarithmic terms) as computed by the PDP method.
As the graph indicates, the rent increases
dramatically until about 1300 sqg. ft. as a function of
the basic necessity of living space Beyond this, a
saturation effect is observed: after 1,300-1,500
square feet, the growth becomes more moderate, and
starting from 1,750 square feet, the influence of area
on price stabilises almost completely. This form of
dependency is typical for rental markets, where the
importance of additional space decreases once a
certain comfort threshold has been reached.

7.6 1

7.5 1

7.4 1

Logarithm of Price

7.2

500 750 1000 1250 1500 1750 2000 2250 2500
Building Size (square feet)

Fig. 4. PDP Building size vs Price

Source: compiled by the authors

Fig. 5 shows Partial Dependence Plots (PDPs)
that depict the impact of 4 features on rental prices.
Based on these pictures:

« latitude and rental prices demonstrate a
nonlinear relationship. Rental prices climb as the
latitude  of  properties  increases  toward
approximately 29.75, a point that likely represents
more fashionable or central areas of the city, and
then begin to fall as latitude continues to increase
past this threshold;

« elevator: increase rent, with the influence of
elevators growing stronger once they exceed a
certain threshold (e.g., 0.03) in the model. This
reflects the higher demand for properties with
elevators, particularly in multi-storey buildings;

» pool: also has a positive impact, with the
dependency remaining almost linear, the higher the
importance of this feature in the description, the
higher the predicted rental price;
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Fig. 5. Features vs Price
Source: compiled by the authors

 laundry: by contrast, shows the opposite
effect, starting from a certain term weight (around
0.03), a decrease in rental price is observed. This
may be due to the fact that the mention of laundry is
often found in more budget-oriented listings, or
carries neutral or even negative informational value.

Fig. 4 and Fig. 5 complement the results
obtained through SHAP analysis, allowing for a
more precise interpretation of the shape of feature
influence and for the identification of threshold
effects and saturation zones. The combined use of
SHAP and Partial Dependence provides both local
and global explanations, thereby deepening the
understanding of the model’s behaviour.

In a similar way, using Partial Dependence
Plots, the most influential features from the group
related to the location of Starbucks restaurants were
analysed (Fig. 6), which made it possible to visualise
the impact of spatial density and accessibility of
outlets on rental price predictions:

« the plot of the number of Starbucks
restaurants within a 2 km radius shows an increase
in the logarithm of price up to around 10 outlets,
after which the effect weakens — likely due to
saturation;

« the plot for outlets within a 10 km radius
displays a more stable dependency: the more
restaurants there are, the higher the price, with a
particularly noticeable jump after 70 outlets, which
may indicate proximity to business centres;

» The distance to the nearest restaurant exhibits
a non-linear dependency: the effect is strongest at
moderate distances, whereas being too close or too
far does not have a significant positive influence;

» the average distance to the 7 nearest
restaurants shows a clear downward trend — the

closer the outlets on average, the higher the
predicted rental price.

Fig. 6. Restaurants-based features vs

Price log
Source: compiled by the authors

Thus, the influence of restaurants on price is
non-linear: moderate density and distance are
associated with rising prices, but the effect saturates
when outlets become too numerous, while overall
closer average proximity consistently increases
rental value.

Fig. 7 presents Partial Dependence Plots of the
predicted logarithm of rental prices against the
number of bus stops at various distances, identified
as the most informative features in the next
subgroup:

*bus_within_0.1km — a weak but steady
increase is observed: as the number of stops within a
100 m radius grows, the price rises, which may
indicate a preference for locations with minimal
walking distance to public transport;

*bus_within_10km — a pronounced non-linear
increase occurs after a certain threshold, which may
reflect infrastructural saturation and building
density: prices are higher in areas with a well-
developed transport network;

*bus_within_8km — the dependency is also
positive, but with saturation followed by a decline
after the peak, which may indicate the effect of
overcongestion.

Fig. 7. Transport based features vs Price log
Source: compiled by the authors
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Thus, the overall trend shows a positive
influence of the number of stops on rental prices,
especially at moderate values, although threshold
and saturation effects typical of complex urban
environments are also observed.

Fig. 8 presents Partial Dependence Plots
between the predicted property price (in logarithmic
scale) and features reflecting the spatial proximity of
urban illumination clusters, identified as the most
influential in the final subgroup of features:

» avg dist nearest clusters 8: shows that as the
average distance to the eight nearest light clusters
increases, the price tends to decrease, indicating a
positive effect of proximity to illuminated areas;

« for the most part, distance to nearest cluster(s)
speaks to a fairly volatile distance range, but there is
still an overall benefit to being close to light, i.e.,
being near a city;

« clusters within 10km show that an area is
undergoing an increase in value (moderate) as the
number of clusters within 10km grows, until a
certain point, and then the area’s value reaches
saturation.

. \/
|
A 7 T 7 3 T
]

Fig. 8. Urban lights-based features vs

Price log
Source: compiled by the authors

These relationships are further substantiating
evidence that night time light is an indicator of urban
infrastructure and activity and is associated with the
attractiveness of a location.

As an additional method for interpreting the
model’s prediction for a specific property with
unique baseline feature values, a waterfall chart
(Fig.9) of their contributions to the overall
prediction was used.

The following can be noted:

* the model’s baseline value is approximately
1844.2, which reflects the average prediction across
the entire training sample;

« the final prediction for this property is 1491.7,
which is significantly below the average level;

» features that reduced the predicted price:

— building size (buildingSize = 780): —288.6.
The small property size substantially decreases the
predicted value;

fix)

Latitude . +32.93
Year Built -27.67 .
lotSize ' +26.52
Longitude ' +20.22

1500 1550 1600 1650 1700 1750 1800 1850 1900
ETAX)]

Fig. 9. SHAP waterfall plot of basic features

Source: compiled by the authors

— number of bathrooms (Baths = 1): —216.7.
Having only one bathroom negatively influences the
estimate;

— number of bedrooms (Beds =
Limited living space lowers the price;

— year built (Year Built = 1940): —27.7. The old
construction date has a negative effect;

» features that increased the predicted price:

— postal code (PostalCode = 77008): +228.5.
The advantageous location adds a significant
positive adjustment;

— latitude (Latitude = 29.799): +32.9. The
geographical position has a moderate positive effect.

— lot size (LotSize = 5602): +26.5. A larger lot
size contributes positively to the value;

— longitude (Longitude = —95.388): +20.2. This
also provides a small positive contribution.

The SHAP waterfall graph depicts the way that
each individual feature affects the model output,
either positively or negatively, in relation to the base
value, to explain the contribution of the driving
feature to the forecast of the model. This approach
enables the model to be explainable at individual
observation levels. This interpretation method works
well when trying to forecast the future value of real
estate. The two tools that we have used to find the
most significant attributes are SHAP (SHapley
Additive exPlanations) and Partial Dependence
Plots, which show the way these attributes affect the
predictions of the model in detail.

This approach not only ensured both
quantitative and visual interpretation but also offered
a glimpse inside the algorithm’s “black box”,
making the model’s behaviour more transparent. The
methodology can be considered a complement to
existing analytical tools, while giving the researcher
a deeper understanding of the factors shaping the
final price of a property.

1): —127.7.
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CONCLUSIONS

In this study, a comprehensive method was
proposed to improve the accuracy of predictions and
to analyse the features influencing rental property
prices using interpretable machine learning models.
The approach combines the calculation of SHAP
values with the visualisation of Partial Dependence,
which makes it possible not only to identify the most
important features but also to interpret the nature of
their influence on price, including the detection of
non-linearities, threshold effects, and saturation
zones.

The conducted research, based on a dataset of
rental property listings in Houston (USA), covered a
wide range of features: numerical, categorical,
textual (processed through TF-IDF), as well as
spatial and geo-analytical characteristics. It was
established that such features as property size,
number of bathrooms, latitude, the presence of an
elevator, a pool, or terms related to interior (e.g.,
furnished) have a significant influence on price.
Geospatial features related to the density of points of
interest (restaurants, public transport stops) and
proximity to light clusters allowed for a more
precise  consideration  of the  geographic
characteristics of real estate objects.

Although the experiments were conducted
using data from Houston, the proposed methodology
is not limited to a specific city. The feature
engineering approach and interpretation framework
can be transferred to other real estate markets, while
specific feature effects may vary depending on local
socio-economic conditions.

The analysis of results makes it possible to
categorise features by the degree of their potential
generalisability:

* basic property characteristics (size, number of
rooms, year built, etc.) can be regarded as relatively
universal factors influencing price across most
markets, although the magnitude of the effect may
vary;

« infrastructural features (presence of Starbucks
restaurants, accessibility of public transport) largely
reflect local socio-economic conditions and require
re-analysis when transferred to other cities;

* geospatial indicators, such as measures of
illumination and proximity to clusters of activity,
occupy an intermediate position: their qualitative
influence is confirmed by the study, but the
quantitative effect depends on the specifics of the
urban environment in a given region.

The methodology has significantly improved
the interpretability of the model and provided a
deeper understanding of the factors that determine
prices in the rental market. Unlike traditional
approaches, the proposed solution allows not only to
guantitatively assess the impact of characteristics,
but also to visually track complex dependencies,
which increases the practical value of the results.
This approach can be effectively applied in
automated valuation models (AVMs), in urban
studies, and to support informed decision-making by
investors and developers.

Additionally, the versatility of the proposed
methodology makes it applicable in related domains
— for example, in assessing the market value of
automotive, maritime, and other types of transport
[35], [36], where textual descriptions, technical
parameters, and geolocation features can also be
utilised.
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AHOTAIIA

AKTyaJbHIiCTB. 3yMOBJICHA 3pOCTAal04Y0I0 MOTPEOOI0 Y 3aCTOCYBaHHI METOJ(IB MAIIMHHOTO HAaBYAaHHS B 3a/1a4aX OLHIOBAHHS
HEPYXOMOCTI, JIe BXIIMBO HE JIUIIE OTPUMYBATH TOUHI MPOTHO3H, ale i po3yMiTu (aKkTOpH, IO BIUIMBAIOTH Ha (pOpMyBaHHS LiHH,
0COONMBO y TIpoliecax MPUHHATTS pimeHs y cdepi ypOaHICTHKH Ta JAeBeJonMeHTy. MeTa: METOI0 CTaTTi € pO3pOOJCHHS Ta
OIIHIOBAHHS IIIXO0IY, IO OJHOYACHO Mi/IBUIILy€ TOYHICTH MPOTHO3YBAHHS Ta 3a0e3leuye iHTepIPEeTOBAHICTh MOENICH MallMHHOTO
HaBUYaHHS NMpH PoOOTi 3 TETEPOreHHUMH JDKEepelaMy TaHWX. 3aBHAHHS: 3aBJAHHS JOCTIKEHHS BKIIOYAIOTH aHANI3 PI3HUX TPyl
03HaK, a cCaMe TEKCTOBUX OMHCIB 00’ €KTIB, MPOCTOPOBUX XaPAKTEPHUCTHK, 30KpeMa BiicTaHel 10 00’€KTiB iHPPaACTPYKTYpH, a TAKOXK
Bi3yaJIbHUX O3HAK, OTPUMAHUX HAa OCHOBI CYIyTHHKOBHX JAaHHWX HIYHOTO OCBITJICHHS, i OIIHIOBAHHS IXHBOTO CHUIBHOTO BIUIUBY Ha
sKicTh Mozieni. MeToau: y poboTi BUKOPHCTAHO METOJ] 'PaIiEHTHOTO OyCTHHIY HaJl JepeBaMH pillieHb Ha OCHOBI anropurmy Light
Gradient Boosting Machine, moGymoBy mpoCTOPOBHX O3HAK i3 3aCTOCYBaHHSIM METPHK BiZICTaHi, METOJH OOPOOKH TEKCTOBUX JaHMX ,
a TaKkoX IHCTPYMEHTH iHTeprpeTalii Ha ocHOBi 3HaueHp lllemni Ta aHaNi3y YacTKOBOT 3aJIe)KHOCTI JJIsl BUSIBJICHHSI BIUTMBY O3HAK Ha
pe3yabTaT nporHo3yBaHHsA. HaykoBa HOBHM3HA: TOJirae B iHTErpaiii reTepOreHHMX O3HAK Pi3HOT NPHUPOIHM B €MHY MOZEIBHY
CXeMy Ta MOE€JHaHHI B3a€EMOJOIMOBHIOIOYMX METOMIB IHTEpHpeTalii, 110 J03BOJSIE BUSIBIITH HEIHIAHHI 3aleXKHOCTI Ta epeKTh
B3aeMonil MDK 3MiHHMMH. [IpakTHuHa 3HAYHMICTB: 3aPOIOHOBAHMH MiAXim MOXke OyTH BHKOPHCTAaHMH B aBTOMATH30BAaHHX
CHCTEMax OIHIOBAaHHS HEPYyXOMOCTi, ypOaHICTHIHHX NOCIPKCHHAX Ta CHCTEMax HiITPUMKU HNPUIHATTS pillleHb, 3a0e31edyroun
OUTBII TpO30pe PO3YMIHHA MeXaHi3MIB (GopMyBaHHS LiHH. Pe3yapTaTH: pe3ynbTaTH NMOKa3aad, IO 3alPONOHOBAHUN IIAXim Ha
ocHoBi Mozeni Light Gradient Boosting Machine 3a6e3redye BUCOKY SIKiCTh IpOrHo3yBanHs. st 6a30Boro Habopy O3HaK MOJCIb
JIOCSITae CepeAHBOKBAIPATHIHOT HOMMIKH 374 Ta koedirienra nerepminamii 0.818. InTerpartis rereporeHHNX IpyIl 03HAK J0JATKOBO
MOKpAIIy€ SKICTh MOJIEIi, 3MEHIIYIOUH CepeTHbOKBAIPATUIHY OMIWIKY 10 348 Ta migBuiyro4yn koediuieHT nerepminanii 1o 0.839.
OTpuMaHi pe3yIbTaTH TaK0X MiATBEPKYIOTh, III0 TEKCTOBI Ta Bi3yasibHi O3HAKHU BiAIrPAIOTh BAXKIMBY POJIb y BUSBJICHHI HETIHIMHUX
3aJIe)KHOCTEH 1 MOPOTOBHUX €(EeKTiB, SKi CKIATHO iAeHTU(]IKYBaTH TPAAULIHHUMH MeToAaMu. BHCHOBKH: 3alIpONOHOBAHUN MiAXid
3a0e3rnevye MiABHIIEHHA TOYHOCTI Ta IHTEPIPETOBAHOCTI MOJENEH MAIIMHHOTO HaBYaHHS, L0 JO3BOJIIE 3AIHCHIOBATH OibII
HaIiHHNHT Ta TPO30pHIl aHATI3 BAPTOCTI HEPYXOMOCTI Ta PO3LIMPIOE MOKIIMBOCTI IPAKTUYHOTO 3aCTOCYBAHHSA TAKHX MOJEIICH.

Ki1o4oBi ci1oBa: MammHHE HaBYaHHS, IIMOOKE HAaBUAHHS, MaTeMaTWYHAa MOJIENb; CTATUCTUYHI JOCIIIKEHHS; HMOBIPHICTH;
KOpPEJIILs; MPOTHO3YBAHHS; HEHPOHHI MEpeKi; IHTeJIeKTya bHUH aHall3 JaHHWX; 00poOKa MPUPOIHOT MOBH; TpaHC(OPMEpH; TEKCTOBI
eMOeNiHry; TPaHCIOPT; MNOSCHIOBAHMN INTYYHHH IHTENEKT; IHTepPIpPETOBAHICTh MOJeNiel; IHTepIpeToBaHe MalllHHE HaBYaHHS,
IFKEHepis 03HaK; TPaJieHTHHI OyCTHHT; CUCTEMH IATPUMKH IPUHHSITTS pillleHb

334 Theoretical aspects of computer science, ISSN 2663-0176 (Print)
programming and data analysis ISSN 2663-7731 (Online)


mailto:edgar.sokolovskij@vilniustech.lt

Kravtsov D. E., Poletaev N. A, Gorzelanczyk Piotr, Sokolowskij Edgar /  Herald of Advanced Information Technology
2026; Vol.9 No.3: 321-335

ABOUT THE AUTHORS

Dmitriy E. Kravtsov - PhD candidate in Computer Science, Faculty of Computer Science. Odesa National Maritime
University. 34, Mechnikov Str. Odesa, 65029, Ukraine

ORCID: https://orcid.org/0009-0005-0305-544 X; dmkravtsov@gmail.com. Scopus Author ID: 59197585500

Research field: Machine learning; Explainable artificial intelligence; Feature engineering; Geospatial data analysis;
Predictive modelling; Automated valuation models

KpaBuoB /Imutpo €BreuiiioBuu - acmipant kadeapn Kowmm’iorepunx Hayk. OIecbKuil HAI[iOHATBHHNA MOPCHKHI
yHiBepcHTeT, ByJl. Meunnkosa, 34. Oneca, 65029, Ykpaina

Nikolay I. Poletaev - Doctor of Physical and Mathematical Sciences, Professor, Department of Technical Cybernetics
and Information Technology named after Prof. R. V. Merkt. Odesa National Maritime University. 34, Mechnikov Str.
Odesa, 65029, Ukraine

ORCID: https://orcid.org/0000-0002-1340-582X; Poletaev@ukr.net. Scopus Author ID: 6603897743

Research field: Combustion in dispersed systems; Dusty plasma; Nanostructure synthesis; Materials science; Machine
learning; Data mining

IoaeraeB Mukosa IBanoBHY - OKTOp (i3HKO-MaTeMaTHYHHX HayK, npodecop kadenpu Texniunoi kibepHETHKH Ta
inopmaniiaux TexHonoriii imemi mpod. P. B. Mepkra. Opmecbkuil HalioHaIbHUH MOPCHKHH YHIBEPCUTET, BYIL
MeunukoBa, 34. Oneca, 65029, Ykpaina

Piotr Gorzelanczyk - Assoc. Prof., PhD Eng., Head of Transport Department. Stanislaw Staszic State University of
Applied Sciences in Pita. 10, Podchorazych Str. Pita, 64-920, Poland

ORCID: https://orcid.org/0000-0001-9662-400X; Piotr.gorzelanczyk@ans.pila.pl. Scopus Author ID: 22979733400
Research field: Transport; Road accidents; Safety; Forecasting; Optimisation

Top:xenanuunk IiH0oTp - TOLEHT, NOKTOP iHKEHEPHUX HaYK, 3aBinxyBad kadenpu Tpancnopry. [lepxkaBHuii yHiBepcUTET
npukiaaHux Hayk iMeHi CranicnaBa Crammna B I1ini. Byn. Ilinxopyrxud, 10 Ilina, 64-920, INonbina

Edgar Sokolovskij - Doctor of Technical Sciences, Professor. Vilnius Gediminas Technical University. 11, Saulétekio
al. Vilnius, LT-10223, Lithuania

ORCID: https://orcid.org/0000-0002-0770-4225; edgar.sokolovskij@vilniustech.It. Scopus Author ID: 55903092900
Research field: Machine Learning; Data Science; Intelligent Systems; Decision Support Systems

CoxonoBebkuii Earap - 1okTop TeXHIYHUX HayK, mpodecop. BUlbHIOCHKHUIT TeXHIYHMI yHIBepcuTeT iMeHi ['equmiHaca.
11, an. Caynerekuo. Binsnioc, LT-10223, JIutsa

ISSN 2663-0176 (Print) Theoretical aspects of computer science, 335
ISSN 2663-7731 (on”ne) programming and data analysis


https://orcid.org/0000-0001-9662-400X

